Photovoltaic panels generate electricity directly from sunlight, making them a favored renewable technology. Green roofs are rooftops covered with vegetation, which provide a variety of benefits, namely, reducing stormwater runoff, improving air quality, and biodiversity. Green roofs are capable of improving the efficiency of Photovoltaic panels, as shown by the recent studies. Optimal placement of Photovoltaic panels and green roofs is a challenging problem due to the complications imposed by uncertainties associated with future climate conditions, specifically due to climate change. An agent based model to optimally place Photovoltaic panels and green roofs is developed in this study. We propose a tabu search metaheuristic algorithm to solve the developed model. Then, a real-world case for a mid-sized city in the U.S. is solved as a case study for the model. We further conduct numerical analysis and provide insights.
INTRODUCTION
Numerous studies confirm that global warming is mainly a result of the significant increase in the greenhouse gases level in the atmosphere. The main reason behind this increase is the excessive consumption of fossil fuels (Bose 2010) . Residential and commercial sectors are two major consumers in the energy market, and a significant proportion of the energy consumed by these two sectors is used for space heating and/or cooling. To be more specific, space conditioning accounts for 47.7% of residential sector and 34% of commercial sector energy consumption (Administration 2015) . It is estimated that by the year 2040, there will be 150 million residential households and 110 billion square feet of commercial space within the U.S. considering the average growth rate in the residential and commercial sector, 0.4%-1.2% and 0.9%-1.1%, respectively (Administration 2015) . Hence, a reduction in the proportion of energy consumed due to space conditioning can lead to significant nation-wide savings. Green roofs (GRs) are widely studied for the insulation they provide for Ramshani, Li, Khojandi, Omitaomu, develop an agent based model (ABM) to simulate the placement of PV panels and GRs over the rooftops under projected daily temperature and precipitation using the probability distributions derived from the data. ABMs have been widely used over the past few decades in a variety of fields, including energy (Chen et al. 2012) , economics (Bookstaber 2012) , social sciences (Smith and Conrey 2007) , marketing (Negahban and Yilmaz 2014) , and so on. Through ABM, a system is formed by a number of autonomous elements, i.e., agents, which can evaluate their current situation, interact with one another, and make decisions individually, considering a number of rules (Bonabeau 2002) . ABMs can be used to study an environment, forecast and explore it for future scenarios by considering different values for decision variables (Axelrod 1997) . Combined with other techniques, ABMs have also been employed to tackle optimization problems (Weiss 1999) .
The remainder of the paper is organized as follows. In Section 2, we present the mathematical formulation for the optimization model of the ABM. In Section 3, we present the values for a number of parameters used in the ABM and the methods applied to obtain them. This section also contains the detailed solution approach used to solve the ABM. In Section 4 we present a case study for City of Knoxville, Tennesse, as well as numerical analysis. We conclude the study in Section 5.
MODEL FORMULATION
In this section, we present the mathematical formulation of the optimization model for the ABM. This model, as an expansion of the model proposed in our previous study , aims to find the best locations to install PV panels and GRs in order to maximize the profit through energy generated and/or saved using PV panels and GRs, respectively. Different from ), here we randomly allocate the initial budget to a host of agents and allow each individual agent to maximize their own income. Each candidate site is considered as an agent which makes individual decisions by using the model constraints in order to maximize its profit. The attributes for each agent are the available rooftop size, A κ i , average hourly energy need for air conditioning, H κ i , GR cost per square meter, P κ i , energy saving of GRs in warm and cold temperature hours, α and β , respectively, and its region, κ ∈ K. Note that we assume the size of each agent to be equal to the size of its available rooftop size. The distribution of the total number of peak sunlight hours, L κ , warm temperature hours, λ κ , cold temperature hours, τ κ , as well as PV panel unit cost, V κ , for each region are the attributes of the environment. Table 1 reperesents the notations used in the ABM. Total number of cold temperature hours over the decision horizon in region κ
Equations (1)- (5) are used by each agent to calculate the PV panels and GR installation cost, and the income from them. Each agent evaluates its installation cost for stand-alone PV panels, stand-alone GR, and integrated PV panels and GRs by using Equations (1) and (2). As Equation (1) shows, the PV panels cost include fixed panel cost (i.e., labor overhead, DC-AC inverter, and wiring costs), and variable panel cost (i.e., modules, mounting device, and workforce related costs). As shown in Equation (2), we assume that the size of GR installed by each agent should be large enough to cover its rooftop.
Equations (4) and (5) are used by the agents to calculate the income from each type of rooftop installation. Recall from Section 1 that the output efficiency of the panels significantly relies on the PV panel surface temperature, and decreases in the surface temperature. Also, recall that integrating PV panels and GRs increases the panels output efficiency since GRs reduce their surrounding environment temperature. Therefore, the electricity generated by PV panels for each agent is calculated as represented in Equation (4). This equation calculates the total output of the installed PV panels by each agent considering the PV panel output efficiency, Q, the radiation percentage received for each agent, ι κ i , the total number of peak sunlight hours over the decision horizon, L κ , and the efficiency increase due to GR and PV panels integration, θ . Equation (3) establishes the fact that the surface covered with PV panels by each agent cannot exceed its available rooftop size, A κ i . Equation (5) calculates the energy saved by GRs for each agent if GR is installed over them. This constraint includes the total number of warm and cold temperature hours over the decision horizon, λ κ and τ κ , respectively, and their respective percentages of energy saving, α and β . The reason that we consider different values for the saving from GRs in cold and warm temperature hours is that different studies claim different amounts of savings is achieved by installing GRs over rooftops in cold and warm hours (Coma et al. 2016 , Dunec, JoAnne L 2012 . Equation (6) restricts the agents to consider a total initial given budget for their investments. Lastly, Equations (7) and (8) introduce binary variables and impose non-negativity constraint on a number of model variables, respectively. Equation (9) calculates the overall profit from PV panels and GRs installed by the agents, i.e.,
The first part of the equation includes the eletricity generated and saved by PV panels and GRs installed for all the agents, respectively. The second part of the equation contains the total installation cost of GRs and PV panel. Equation (9) plays the role of objective function of the model which we aim to maximize.
COMPUTATIONAL STUDY
In this section, first we present values and distributions estimated for the parameters in Section 3.1. Then, in Section 3.2 we present the metaheuristic method used to solve the ABM developed in Section 2.
Model Calibration
In this section, the values, ranges, and the estimateions used to approximate the value of the parameters of the ABM are presented. We use the data from the literature and industry as well as the climate projections. Table 2 represents the range and estimation of the rest of the parameters of the ABM. For more detailed description on the values and estimation of the parameters used in this study, please refer to ).
Solution Approach
In this section, we introduce the solution approach used for the developed ABM. We aim to solve the optimization problem through embedding tabu search in the ABM to find near optimal solutions.
Tabu search is a metaheuristic method proposed by Glover (Glover 1989) , and can be employed to solve and find near optimal solutions for a variety of optimization problems, e.g., resource management, healthcare systems, and placement problems (Glover and Laguna 2013) . The difference between tabu search and local search techniques is that by using short and long term memories, tabu search allows solutions with worse objective function values to be picked in order to escape the local optima (Glover and Laguna 2013) . These memories are updated on every iteration until they reach their maximum allowed length. Then, the oldest entry in the memory is removed from the list and is replaced by the newest entry.
The outline of the tabu search for the proposed problem is as follows. First, an initial population of the agents is randomly picked. Each agent is allocated a proportion of the budget equal to the cost of completely covering it with stand-alone PV panels. If the cost to completely cover the agent with PV panels exceeds the remaining budget, the agent is allocated with the remaining budget. The agents in the initial population are added to the long-term memory (tabu list). The number of agents in the initial population and the area of stand-alone PV panels installed over each of them depends on the available budget. That is, the agents are picked and assigned with a proportion of the budget until the initial available budget is met. Second, each individual agent calculates the profit gained from different types of rooftops it can install using the budget allocated to it. The profit is calculated as the difference between the income from the type of rooftop chosen and its cost. Each agent conducts the following process to calculate the profit from stand-alone GRs. Firstly, the agent completely covers its rooftop with GR. Then, if the agent's allocated budget is more than its GR cost, the agent installs GRs on other available agents by using the remnant of its allocated budget. That is, the agents which are not in long-term nor in short-term memory list are randomly chosen and the profit of GR installation over them is calculated. This process stops when the agent's allocated budget is met. In the end, the profit from all the GRs that are installed using agent's budget is calculated. The agents that are randomly picked in this stage are added to short-term memory. After evaluating the profit from different types of rooftops, the agent installs the type of rooftop with the highest profit, and if all the rooftop types cost more than the income they make, i.e., negative profit values, the agent chooses to install nothing.
Last, tabu search calculates the total profit made by all the agents using Equation (9), and then repeats the process. The short-term memory is cleaned after each iteration. The long-term memory, however, keeps the agents added to it until the number of the agents in long-term memory is more than its predefined number, 1,000 agents in this study, and then the oldest entry is replaced with the newest one. In this way, as the history of searches is recorded, the direction of the following searches can be controlled. This process is repeated until the termination criterion is met, and then the best answer obtained is reported.
NUMERICAL STUDY
In this section, we present a case study for City of Knoxville, Tennessee, for 209,183 agents. In Section 4.1, we present and solve two scenarios. Numerical analysis in Section 4.2 is performed to further analyze the results of the ABM and to capture the effect of different parameter values on it.
Case Study
We solve the model for two scenarios. Scenario 1 is designed to represent the price and output of the currently available commercial PV panels. Scenario 2, however, contains more efficient PV panels with a lower variable cost. Scenario 2 aims to capture the current trend in PV panels development, as each year more efficient PV panels are produced with a lower cost (Feldman et al. 2014 ). The PV panel variable cost, V κ , for each square meter of the panels is considered to be equal to $450 and $200 for each scenario, respectively. The PV panel output efficiency, Q, is considered to be equal to 150 and 200 Watts for each scenario, respectively. Each scenario has an initial available budget of $20 million.
To calculate the number of simulation iterations required, we run the model for a limited number of iterations, i.e., 20 iterations, calculate the mean and standard deviation of the results, and then using
we obtain the number of iterations required for each scenario, where N denotes the required number of iterations, Z 1−α/2 denotes the quantile value for standard normal distribution, SD denotes the standard deviation of the results, andx denotes mean value of the results from the 20 iterations. In this study, we set ε and α equal to 0.05. The requisite number of iterations in order to fall in the 95% confidence interval for Scenarios 1 and 2 as calculated by Equation (10) are equal to 62 and 367 iterations, respectively. Figures 2a and 2b depict the total profit of the model for each iteration, and the best profit obtained by the model for Scenarios 1 and 2, respectively. As the figures show, tabu search allows worse decisions by the agents to escape the local optima. Table 3 represents the best profit value obtained for each scenario, and the total budget spent by the agents, as well as the total area of stand-alone PV panels, stand-alone GRs, and integrated PV panels and GRs installed by the agents for the best profit solution. The output of the model significantly relies on the PV panel unit cost, V κ , and PV panel output efficiency, Q. That is, when PV panel unit cost is low and PV panel output efficiency is high, Scenario 2, most of the agents opt to install PV panels (stand-alone or integrated with GRs) in order to maximize their individual profit. However, for high values of V κ and low values of Q, Scenario 1, no agents choose to install PV panels. In fact, agents only opt to install GRs as the income from the PV panels is not large enough to at least cover their installation cost. Moreover, the total budget spent on the best obtained solution for Scenarios 1 and 2 are equal to $454,289 and $19,557,126, respectively. This shows that a higher available budget does not necessarily lead to a higher number agents installing PV panels and/or GRs, and hence, a higher profit. In fact, only 2.3% of the initial available budget is spent by the agents in order to install GRs in the best obtained solution for Scenario 1.
The agents that chose to install PV panels in the best obtained solution for Scenario 2 have generally large available rooftop sizes, A κ i , which results to less budget spent on PV panels overhead cost, F. Moreover, larger rooftops tend to have a higher radiation percentage received, ι κ i , compared to smaller rooftops, as they are less likely to be shaded by their surrounding objects. Hence, agents with larger rooftops can achieve a higher profit compared to agents with smaller rooftops. Figure 3 depicts the total area of installed PV panels (stand-alone and integrated with GRs) by the agents for Scenario 2 over each iteration, and compares them with the total area of installed PV panels for the best obtained solution until each iteration. As the results demonstrate, a higher area of PV panels installed by the agents does not necessarily translate to a higher profit. For instance, in the highlighted iteration in Figure 3 , while a larger area of PV panels are installed compared to the best obtained solution, the agents which installed the PV panels generally have lower values of ι κ i , and hence generate lower amounts of electricity. 
Numerical Analysis
Results presented in Table 3 show the effect of PV panel unit cost, V κ , and PV panel output efficiency, Q, on the results of the model. The other input parameters of the model are considered to be randomly assigned from the distributions presented in Table 2 . In this section, we aim to confirm the robustness of the ABM by evaluating the effects of other input parameters on the results through conducting analysis. That is, we assign exact values to the remaining parameters to further investigate their effects on the results. Table 4 represents the results from the analysis over three different parameters of the ABM, i.e., energy savings values for GRs in hot temperature hours, α, energy saving values for GRs in cold temperature hours, β , and efficiency increase due to GR and PV panels integration, θ . The ABM is solved for a type of PV panels as the one considered in Scenario 2. That is, we consider PV panel unit cost, V κ , to be equal to $200 per square meter, and PV panel output efficiency, Q, to be equal to 200 Watts. We solve the ABM for 100 iterations for each set of parameters for an initial available budget of $20 million, and report the best answer obtained. The environment parameters are considered to have the distributions presented in Table 2 .
As the results from Table 4 show, the total installed area of integrated PV panels and GRs by agents significantly relies on the values of efficiency increase due to GR and PV panels integration, θ . That is, when there is no efficiency increase due to GR and PV panels integration, i.e., θ equal to 0, the agents generally opt to install no integrated PV panels and GRs. As shown in the highlighted row of Table 4 , in some cases agents decide to install integrated PV panels and GRs regardless of the values of θ . Recall from Section 3.1 that we approximate the average hourly energy need for conditioning for each agent as H κ i = 4, 450 + 33.71 A κ i , which has a relatively small slope, and does not drastically increase in agent's size. That means agents with smaller rooftops benefit the most from the energy savings provided by GRs. The small area of integrated PV panels and GRs in highlighted row of Table 4 shows that the agents which chose to install this type of rooftop have a small available rooftop size, A κ i , and mainly install integrated PV panels and GRs to benefit from the energy savings GRs provide, while generating electricity by installing PV panels. Moreover, the highlighted row shows the fact that tabu search leads to near optimal solutions since the best obtained solution contains agents with small rooftops installing PV panels, while the agents with larger rooftops are the most appropriate for this matter in order to minimize the budget spent on PV panels overhead cost, F, and benefit the most from larger rooftops' higher values of radiation percentage received, ι κ i . Overall, the results from Table 4 show the ability of the ABM to correctly capture the effects of the input parameters and choose the solution which is well suited to maximize the income for different parameter settings.
CONCLUSIONS & DISCUSSIONS
In this paper, we developed an agent-based simulation model, embedded with a tabu search metaheuristic, to assist with the long-term decision of PV panels and GRs placement in order to maximize the profit. Whether to install PV panels or GRs to generate electricity and/or reduce energy consumption, significantly depends on future climate as the electricity generated by PV panels relies on solar radiation received by them, and the energy savings from GRs rely on the temperature. Since the initial cost of PV panels and GRs are considerable and they have a life-span of 20-25 and 40-50 years, respectively, we must consider the conditions which affect the outcome of this decision and are probable to take place during the time in which we aim to utilize installed PV panels and GRs. Thus, we employed ten different climate projections to more accurately represent the future climate conditions. Moreover, the savings from GRs and the efficiency increase in the output of PV panels due to integration of them with GRs are reported with different values in the literature. Hence, we explicitly incorporate the uncertainties from future climate changes, and other input parameters by estimating the probability distribution of them using the climate projections and data available in the literature.
We developed a tabu search algorithm to solve the proposed ABM for a case study with more than 200,000 candidate sites (agents). The solution obtained from the model provides a PV panel and GRs placement suggestion that results in maximizing the profit gained from PV panels and GRs installation. The results from the simulation indicate that current commercially available PV panels are not an economically viable option to utilize for the mid-sized city of Knoxville, Tennessee, and only a number of candidate sites should be covered with GRs. However, the results show that with more cost efficient PV panels, installing PV panels can lead to high levels of profit. This study does not consider the incentives provided by the governments for PV panels and GRs installation, as they are not the same across different regions. Hence, these incentives for each region should be considered by the decision makers while calculating the cost of PV panels and GRs before executing the model. Also, the proposed model only considers the energy consumption reduction aspect of GRs, and does not take into account other beneficial aspects of them, e.g., reducing CO 2 levels, increasing the rooftop life-span, water runoff reduction, etc. We plan to incorporate the other aspects mentioned in our future studies to better capture the effects of GRs.
